There have been many previous attempts to value non-financial aspects of jobs using wages or incomes as the dependent variable. In his survey of estimates of compensating wage variations for risk of injury or death, Viscusi (1993) notes that industry-average data were used before large samples of individual data became available in the final decades of the 20 th century. He argues that individual-level data are likely to be superior, not just because of the larger sample sizes, but because worker tastes and attributes, as well as unspecified aspects of jobs, are likely to vary across industries in ways that may be correlated with accident risks. For cross-sectional studies using individual wage or earnings data to estimate compensating differentials, there are other estimation problems.
The most obvious is that posed by unmeasured differences in employee ability and training. More able or better-trained workers are in a position to choose jobs that produce more income and more safety, making the usual assumption that safety is a normal good.
The most usual estimation form is:
(1) ln(y i )= α + βX i + γ Z i + θZu i + ε i where y i is the earnings level for worker i, X i is a vector of job characteristics, applicable to worker i's job, whose compensating differentials are to be estimated by the coefficient vector β, the Z i are measured characteristics of worker i, and the Zu i are unmeasured characteristics of the worker, the job, or the market environment in which the wage is being paid. The ε i are the assumed error structure, usually taken to be normal.
Returning to the issue posed by un-measured differences in ability, suppose that the worker's level of training is included among the Z variables, but that his or her native ability, or personal suitability for the job at hand, is unmeasured, and hence among the Zu variables, which are not included in the regression. Suppose also that the safety of the job is included among the X variables. The usual theoretical presumption is that safety is a normal good, so that workers possessing higher than average abilities will use their extra bargaining power to obtain jobs that are both safer and more highly paid. In the absence of a variable measuring ability, this result would lead to an upward bias on the coefficient measuring the effects of education (assuming ability and education to be positive correlated) and a bias towards zero on the coefficients of variables measuring job safety.
In the absence of variables measuring worker education and training, it is presumed that the downward bias in the estimation of the compensating variation for safety would be even greater.
Data from one of the surveys used in this paper help to illustrate the reality of this problem, and show also that attempts to remove the bias in the estimation of compensating differentials by allowing for the effects of education on income are likely to be insufficient. In the ESC survey, for example, working respondents are asked to measure the extent to which their jobs possess five job characteristics and one workplace characteristic that are presumed (and subsequently found) to have a positive influence on job satisfaction, independent of the level of income. Each respondent is asked whether their job: allows them to make a lot of decisions on their own, requires a high level of skill, has a variety of tasks, provides enough time to get the job done, and is free of conflicting demands. These answers are on a four-point scale, converted to a 0 to 1 scale for the analysis presented below. Respondents are also asked, this time on a scale of 1 to 10, to rate the level of trust that workers have in management at their workplace. Of these six factors, three are positively correlated to income (decision scope, skill and variety, and the other three negatively related. This pattern holds whether the correlations with income are measured individually or jointly, and occur whether or not the substantial effects of education on income are allowed for in the way depicted by equation 1 2 .
To further investigate whether the confounding effects of omitted ability differences among workers were responsible for this type of result, Brown (1980) developed a panel data set and then estimated compensating differentials with and without using fixed effects for each individual, although thereby forcing the estimates of compensating differentials to be based solely on job changes, which he found to be fairly frequent in his sample. The use of individual fixed effects should have eliminated the problem caused by stable interpersonal differences in ability, but he found only slight changes in the results.
Thus while omitted ability may be part of the story, it is not the only reason for earlier failures to find plausible estimates of equalizing differentials.
More recently, Lang and Majumdar (2004) have developed a theoretical job search model involving jobs with both pecuniary and non-pecuniary aspects, and used it to show that in the presence of plausible frictions the resulting equilibrium allocation of workers to jobs can easily be expected to produce a cross-sectional positive correlation between income and (favourable) non-pecuniary job characteristics, even if workers are homogeneous.
Despite these difficulties, there has been a range of Canadian studies producing large and statistically significant estimates of compensating differentials for job-related injuries and fatalities. Gunderson and Hyatt (2001) compare a number of these results, and extend the model set in two ways. The first is to allow for the possibility mentioned above, that since safety is likely to be a normal good, that workers of above-average abilities (or who for some other reason have higher incomes) will use some of their potential income to obtain safer jobs (Viscusi 1993) . In the absence of correction, this would lead to an underestimation of the wage payment required to compensate for increased danger. Gunderson and Hyatt adjust for this possibility by estimating a separate equation for the risks in each workplace, and using the fitted values as instruments. This gives a significantly higher estimate for the compensating differential for risk of death.
The second adjustment relates specifically to risk tolerance, with workers who either prefer or are better able to minimize risks, in ways that are not possible to measure, sorting themselves into the riskier jobs (their 'self-selection model'), providing an additional reason why the basic model might under-estimate the size of the compensating differential. This would render the previously estimated risk equations insufficiently protective against bias; using a corrective procedure suggested by Garen (1988) , Gunderson and Hyatt (2001) found it made little difference to their key results. However, when they added industry controls (reasonably enough) to the risk equation, which left the identification of the risk equation to depend solely on the risk experience rating variables, the value of a fatal injury rose still further.
Yet another difficulty with the direct estimation approach was raised by Dickens (1984) , who argued that safety issues might be embodied in the wage bargaining in unionized sectors, with the estimated results more reflective of differences in union bargains than in individual worker preferences. This possibility is supported by the results of Cousineau, Lacroix and Girard (1992) , who find, using what Gunderson and Hyatt (2001) refer to as the 'basic model', that the risk of fatal injuries takes a large and significant value in their sample of union workers, but drops out entirely in their sample of non-union workers.
Testing for a union interaction term with the risk variable, Gunderson and Hyatt (2001) do not find a parallel effect in their much smaller sample, and neither did Meng (1989) .
The econometric difficulties posed by using wage equations to identify compensating differentials, along with equivalently anomalous results from our survey data on incomes and job characteristics, suggests that it might be more promising to use of subjective well-being data as a means of estimating and comparing the well-being effects of income and job characteristics.
Using Life Satisfaction Data to Value Job Characteristics
In this section we use life satisfaction and job characteristics data from three large recent Canadian surveys to extend research in several dimensions. Our primary objective is to estimate compensating differentials directly from a representative utility function. In this framework, estimates of compensating differentials are provided by the ratios of the marginal effects of job characteristics to those of income. Second, we link our results to the emerging literature on the effects of social capital on life satisfaction, showing that workplace trust and other aspects of life in the workplace have strong effects on life satisfaction. Third, we test the robustness of our results by using data from three separate recent surveys, by checking that our key results are unaffected by the inclusion of individual-level personality variables, by excluding different clusters of unusual observations, and by including a number of variables chosen to reduce the possibility that our final estimates for compensating differentials are too high. Fourth, we compare the direct effects of job characteristics on life satisfaction with those flowing indirectly via their influence on job satisfaction.
The three survey sources include the second wave of the SSHRC-supported ESC survey (described in more detail in Soroka et al 2005) , the 2002 post-censal Ethnic Diversity Survey (EDS), and the 2003 General Social Survey(GSS). The scope and contents of the two latter surveys are described in detail on the Statistics Canada website, and these data were accessed through the interuniversity Research Data Centre located at UBC. The surveys differ in their sample size and the nature and number of questions asked. For the results reported in this paper, we generally restrict our analysis to the working population, roughly 2200 for the second wave of the ESC, 19,300 for the EDS and 10,200 for the GSS. Fortunately, the same life satisfaction question is asked in all three surveys: "In general, how satisfied are you with your life as a whole these days, on a scale of…" The preferred ten-point scale is used for responses in the ESC and GSS, while a 5-point scale was used in the EDS. For closer comparability across surveys, we have adjusted the EDS data to an approximate 10-point scale. For the survey-ordered probit regressions we use in this paper, this rescaling has no effect on the ratios of coefficients within the same equation, which provide the raw material for our calculation of compensating differentials. Both the ESC and the GSS asked a job satisfaction question, also on a 10-point scale. In addition, in the second wave of the ESC survey there were a number of questions relating to job characteristics, and we use these in two different ways, both to estimate a reduced-form equation in which job characteristics are used directly as part of the explanation for life satisfaction, and in the estimation of an instrumental variable for job satisfaction designed to avoid variation due to income effects, to personality, and to issues related to the framing of questions. The wording of the relevant questions is shown in the Appendix.
Finally, and helpfully, the GSS contains a series of questions designed to measure the respondent's psychological coping resources (Pearlin and Schooler 1978, 20) . The 'mastery scale' thereby constructed may run the risk of over-correcting for the effects of pure personality differences, since the answers document the extent to which respondents feel they are in command of their circumstances 3 . These answers are more than likely to be affected not just by underlying personality traits, but also by the current range of problems exercising the respondent's coping skills. We allow for these possibilities in the GSS by also including other measures of domain satisfaction, so that the job satisfaction coefficient should reflect only the extent to which satisfaction with the job differs from the other forms included.
Equation 2 shows the basic structure of our estimating form for life satisfaction equations, which we are treating as though they were direct utility functions.
(2) Lsatis i = α + δ 1 ln (y i ) + δ 2 ln (y ct ) + βX i + γ Z i + θZu i + ε i where Lsatis i is life satisfaction for respondent i, measured on a scale of 1 to 10, y i is the level of income of the respondent's household, y ct is the average level of household income in the respondent's census tract, and the other variables are as in equation (1), except that the coefficients now measure their impact on life satisfaction rather than on wages, and the variable set is expanded to include all other determinants of life satisfaction. When we use equation (2) to estimate the value of job characteristics, we will do so by taking the ratio of a coefficient on one of the components of the job characteristic vector X to δ 1 , the coefficient on log income. This matches the functional form assumptions implicit in most previous attempts to evaluate job characteristics using wage equations. It presumes that for each worker the monetary value of a change in some job characteristic is measured as a fraction of his or her income, which in turn implies that higher-income households are prepared to give up more dollars to obtain a higher level of non-financial job satisfaction. We report later on the fit and implications of alternative functional forms; finding that this simple form performs well against more complex alternatives. In any event, all of the versions we have considered give us similar basic results. Figure 1 shows the presumed underlying causal schematic. We try to control for as many as possible of the direct determinants of utility, so that our estimates of the effects of income and workplace characteristics should be relatively accurate, and hence useful for constructing estimates of the income-equivalent values of various elements of workplace social capital. We use survey-ordered probit estimation with errors presumed to be clustered at the level of the census tract. Although the probit and linear forms give similar results for compensating differentials, the probit form is perhaps more convincing, since it permits us to drop the cardinality assumption required for the linear form. In fact, the computed cut-lines for the probit suggest that there is only slightly less at stake in moving across the relatively unpopulated bottom half (in the ESC working sample, more than 90% of the respondents rank their life satisfaction at 6 or above on the 10 point scale)
than the top half of the life satisfaction scale. Table 1 contains our preferred life satisfaction equations fitted separately for each of the surveys. Table 2 shows our gradual progress towards the final GSS equation contained in Table 1 , the second and third columns of Table 2 are the two equations for the GSS, one with and one without allowing for individual-level personality differences, as embodied in the mastery scale. Because the previous literature has argued that the often-found positive relation between job satisfaction and life satisfaction might be due to the correlation with unmeasured personality differences (Arvey et al 1989 , Heller et al 2002 , it is important to note some of the key consequences of including individual-level personality variables.
The first thing to note is that personality does indeed appear to have a strong positive relation to life satisfaction, with the significance of the mastery scale coefficient being exceeded only by that of job satisfaction. This is consistent with numerous psychological studies, including those of identical twins raised together or apart, that show a large degree of heritability in happiness-determining aspects of personality. It is remarkable that the introduction of such an important variable has such modest effects on the size and significance of other coefficients, including those where personality differences have been held by sceptics to underlie some frequently observed cross-sectional correlations.
For example, it has been argued that the strong positive correlation between being married and being satisfied with life exists because marriage is to a substantial degree a sorting device that enables those with outgoing and well-coping personalities to find and wed equally well-found spouses, making marriage a prize rather than a causal factor. Our results cast considerable doubt on that interpretation, as the coefficient on marriage retains its considerable size and significance when the personality variable is included.
Where there are changes in other coefficients, they appear where they might be expected.
Interestingly, the previously modest negative effects of higher education on life satisfaction (cet. par., the simple correlation is strongly positive) become larger and more significantly negative, as one would expect to be the case if education provided students a chance to develop their latent coping skills. The inclusion of the mastery scale also sharpens the rise in subjective well-being after middle age, just as was previously found for health. Thus older age is more likely to lead to increased happiness for those who keep their physical health and self-perceived ability to cope with whatever life throws their way. The fact that the mastery scale itself has a negative correlation with age may suggest either a decline in bravado as age occurs or reflect the possibility that on average older people see themselves as having a smaller range of options for dealing with life's exigencies. The effects of income on life satisfaction are less when perceived ability to cope is included in the equation. This may be because those with better coping personalities are more able to find and hold higher-paying positions. It may also be because those who have higher incomes, for whatever reason, may feel better placed to deal with whatever comes their way.
The coefficient on non-financial job satisfaction is unchanged by the addition of the mastery scale, so that making explicit allowance for individual personality differences raises rather than lowers the estimated size of the compensating variations for job satisfaction as a whole. Since we wish our estimates of these differentials to err if anything on the conservative side (because they are likely to be thought surprisingly large), we shall base our main results, as shown in Table 1 , on equations that include the mastery scale adjusted to remove its correlation with income. As shown in column 3 of Table 2 , this restores the income coefficient to what it was without the inclusion of the mastery scale. This makes it easier to compare the results with those from the other surveys, since the ESC and the EDS do not have personality variables. As will be discussed later, the GSS equation in Table 1 also includes variables measuring each respondent's answers to two other domain satisfaction questions, to help eliminate any risk that the high job satisfaction answers are due to question wording and placement effects.
We turn next to consider the effects of income on life satisfaction. In our previous work (e.g. Helliwell 2003), we included dummy variables for each of several income classes, so as not to constrain the all-important functional form linking income and life satisfaction. From time to time we and others have used linear approximations (which are fairly accurate over a broad range of middle-income classes in Canada) to calculate the income equivalents of other variables entering the life satisfaction equation. For the current paper, we have done further tests, and found a preferred strategy. We were interested in testing a logarithmic form against the linear form for two main reasons.
First, most previous estimates of compensating differentials, based on wage equations like that shown as equation (1), have used the natural log of income as the dependent variable, with job characteristics as independent variables, and utility presumed to be constant for compensating changes. Our equation (2), by contrast, puts both log income and job characteristics on the right hand side, along with other possible variables influencing utility, and then estimates their independent effects. The size of the compensating differential is then calculated as the ratio of the selected job coefficient to that of income. Second, if a logarithmic form should prove to be empirically defensible, it introduces in a simple way the presumed non-linearities that reduce capacity to pay as incomes fall very low, and reveal declining marginal utility of consumption as incomes get large.
We have done a number of tests of log income against more general specifications, and find the log form to be an acceptable simplification. For all three surveys, an encompassing model for life satisfaction including both household income and its logarithm (r=.73 between these two variables in ESC) allows the linear income variable, but not the log form, to be excluded. The pure linear form is also dominated in all three surveys by an equation including the income class dummy variables. When log income and the income classes are tested against one another, the choice is less clear-cut. Taking account of the saving in degrees of freedom, the log form is nonetheless preferable.
Another change to our treatment of income has been to consider various measures of contextual income levels, allowing us to test absolute versus relative income models. As a starting point, we compared personal and household income as determinants of life satisfaction reported by the survey respondent (who, in our equations, was employed, and was as likely to be female as male). We found in all three surveys that household income was the stronger of the two alternative income variables in the life satisfaction equation, with personal income being stronger in the job satisfaction equation. However, ESC and EDS life satisfaction equations that include personal and household income have significant positive coefficients on both, although the household income effect is always larger as well as more significant. In the GSS life satisfaction equation, there is no significant effect from personal income. In all three surveys, household income takes a positive coefficient given the level of personal income. This positive spill-over from the incomes of other household members implies that the empathy and income-pooling effects dominate relative income effects at this closest level of aggregation, echoing the South African results of Kingdon and Knight (2004) .
However, when we turn to include the log of the average household income in the census tract, the coefficient is negative and strongly significant in all three surveys, in each case being large enough to make the life satisfaction effects of household income mostly (entirely, in the case of the GSS) relative in nature. There are important implications of this result 4 , and there are other contextual effects that can be assessed with our current survey data, given the large number of census tracts represented (more than 2000 in our EDS sample, for example). We include only average income here, since it is the only one that has a significant effect on the estimated size of the compensating differentials for job characteristics. Because there is a positive correlation between respondent family income and the average family income in their census tract (e.g. +.26 in the ESC, see Appendix Table 4 ), and since own-family income and average income take different signs in the estimated life satisfaction equations shown in Table 1 , it is important to include average income in the equation to get an unbiased estimate of the family income effect. Including average income in the census tract raises the size and the precision of our estimates of the positive life-satisfaction effects of household income. The resulting estimates of compensating differentials are thus smaller and more precise than they would otherwise be. This fits our general strategy of wishing to err if anything on the conservative side when estimating compensating differentials.
We have discussed at some length our estimates of the effects of household income on life satisfaction. To complete our calculations of compensating differentials, we next need to develop estimates of the life satisfaction effects of workplace characteristics. The three surveys ask different questions about life in the workplace, so that some issues have to be dealt with by triangulation rather than independent parallel tests. For example, only in the GSS can we assess the likelihood that answers to workplace questions might be affected by individual-level personality differences. Only the ESC and the GSS include questions about job satisfaction, and only in the ESC is there a full set of more detailed questions about job characteristics. Fortunately, all three surveys have questions about the level of trust in the workplace, a key determinant of job satisfaction, so we can estimate the well-being effects of workplace trust for all three surveys.
Survey responses about job satisfaction and about life satisfaction reflect the possibility of two-way causation, as well as the possibility that both may be influenced by excluded variables and that both are subject to similar measurement errors. All of these risks of positive bias have been established in other studies, and we have found some evidence of each in our own samples. We want to eliminate, or even over-eliminate, each of these risks of positive bias so that our estimates of the well-being effects of job satisfaction can reasonably be thought to err on the conservative side. Three main methods are open to make such adjustments. Where we have a suitable set of variables to provide the basis for solid instrumental variables regression, then this should serve to eliminate the risks from omitted variables, question-framing and placing issues, and two-way causality. The ESC survey provides a fairly broad set of answers to particular questions about job characteristics. These are specific enough to remove the key risks attached to the job satisfaction measure, while numerous enough to span the main determinants of job satisfaction, and hence to provide an adequate information base for instrumental variables regression.
Our two equation system for job and life satisfaction thus takes the following form:
These equations together provide our first two alternative procedures. The first is to estimate equation (4) using the predicted values from (3) in order to remove the presumed correlation between the unmeasured variables and error terms in (3) and (4), whether due to personality, question framing, or other causes. The second method is to substitute equation (3) into equation (4) and hence to estimate the reduced form for the model directly. We have followed both procedures for the ESC, and the two alternative life satisfaction equations are shown in Table 1 .
For the instrumental variables regression we have also made a second adjustment to remove the effects of income entirely from our measure of job satisfaction. In doing this, a subsidiary issue arises with respect to the treatment of census-tract income. We might expect, following earlier results by Clark and Oswald (1996) and many others, that some measure of comparator incomes would have a significant negative effect on job satisfaction. We could either include census-tract income in the job satisfaction equation, and remove the effects of both income measures from the predicted job satisfaction, or we could ignore census tract income in the estimation of (3) and in the subsequent adjustment to define non-financial job satisfaction. We have found these two procedures to give essentially the same results, and since census tract income is not statistically significant in either survey's job satisfaction equation, we employ the job satisfaction equations that do not include census tract average income. Our instrumental variables definition of non-financial job satisfaction, in the case of the ESC, is thus:
The adjusted measure JSn in equation (5) is what we use for the ESC life satisfaction equations shown in Table 1 . JSn is to be seen as a measure of non-financial job satisfaction. The ratio of its coefficient to that of log income thus measures the log change in household income that would provide the same life satisfaction as a one-unit change in non-financial job satisfaction.
For the GSS, we do not have specific measures of job characteristics, so we have developed a third strategy involving a series of procedures designed to remove the risks of positive bias on the job satisfaction variable. Since we have established that job satisfaction is positively related to income, and since we want to make sure that all the well-being effects of income flow through the income variable itself, we have estimated a necessarily incomplete GSS job satisfaction equation in Table 3 using survey linear regression, and then follow one of two alternative procedures. One is to mimic what we have done for ESC, recognizing that we have a rather limited set of instruments. Indeed, the only job-specific variable in the GSS version of equation (3) is trust in co-workers.
The second alternative is simply to subtract the estimated income effects from the original survey answers to the job satisfaction question. This has the advantage of including the effects of all the additional determinants of non-financial job satisfaction, but at the expense of some possible bias caused by positive correlation between the error terms in equations (3) and (4). These two treatments are compared in columns 1 and 2 of Table 2 , where it can be seen that the second alternative, using measured job satisfaction net of the income effect gives a better-fitting life satisfaction equation. This is to be expected, since it includes more job-related information and the risk of possible correlation of error terms. However, we find that better fitting equation also gives a smaller estimate the income-equivalent value of job satisfaction, so it is to be preferred as part of our strategy of keeping our estimates on the low side.
However, there still remains in our GSS equations the possibility of framing effects, reverse causality or spill-over effects, and some remaining risk that variations in optimism through time and across individuals might skew answers to all satisfaction equations in ways not fully accounted for by the inclusion of the mastery scale.
Fortunately, the GSS includes other domain satisfaction questions, each of which is likely to have a direct effect on life satisfaction but also to be subject to the possible biases outlined above. We have therefore included the GSS responses to three key domain satisfaction questions, one related to health satisfaction, a second measuring satisfaction with the way that non-work time is spent, and the third measuring financial satisfaction.
The financial satisfaction variable was purged of the influence of income, so as to keep all income effects flowing through the main income variable. These satisfaction questions were asked at the same place in the GSS as the life satisfaction and job satisfaction questions, and are scaled in exactly the same way. If framing effects were pervasive, then there would be substantial multi-collinearity among the domain satisfaction variables, and imprecise coefficients as a result. In fact, each of the domain satisfactions has a highly significant coefficient in the life satisfaction equation. However, including the additional domain satisfaction variables does provide extra insurance against the possibility that our job satisfaction results are driven by correlated errors, and in the process also reduces substantially the coefficient on non-financial job satisfaction. We have also undertaken experiments to ensure that our results are robust to the exclusion of groups of respondents whose answers suggest the risk of measurement error, for example, those who give nearly identical answers to all of the satisfaction questions.
The GSS life satisfaction equation in Table 1 represents our most conservative estimate of the life satisfaction effects of job satisfaction. It includes job satisfaction measured net of the Table 3 estimate of the effects of income, other non-financial domain satisfaction answers, and the effects of personality, as represented by the mastery scale, again net of income effects. This equation thus gives us, compared to the alternatives shown in Table   2 , the smallest estimate of the value, expressed in log of household income, of nonfinancial job satisfaction. This is given by the ratio of the job satisfaction coefficient to the coefficient on the log of household income. These estimated ratios are shown in Table   4 , along with their estimated standard errors. For both ESC and GSS we calculate standard errors using the delta method and the relevant parts of the parameter variancecovariance matrix. In the case of GSS we are also able to use the Wesvar bootstrapping procedure designed to provide more accurate estimates of standard errors in the context of complex survey designs. In this case, the standard errors for the ratios are given by the standard deviations of the distribution of the estimated ratios from 200 bootstrap replications, multiplied by a factor of 5 5 .
The estimated compensating differentials for non-financial job satisfaction are very large in both samples. The log income value of a one-point change in job satisfaction, on a tenpoint scale, is estimated to be .587 in the ESC and .758 in the GSS. These two estimated differ from each other by about 1.5 standard errors. Taking .500 as a lower bound to these two estimates, to reduce job satisfaction from 9 to 8 on the ten-point scale (a move that would cover about 10% of the ESC respondents) would, for a family with $50,000 income (about the mode in our samples), have to be matched an income increase of more than $30,000 per year. These dollar amounts would be correspondingly lower for families with lower incomes, and vice versa. These results are from our preferred equations, chosen to make all available adjustments to avoid over-statement of the effect. In the case of the ESC, the equation is based on an instrument driven from specific job characteristics, while the GSS equation includes the mastery scale and three other measures of domain satisfaction. In both cases the effects of income on job satisfaction have been removed to ensure that all income effects flow through the income variable, so that the ratio should measure the income value of change in non-financial job satisfaction.
The ESC also permits us to assess the importance of specific job characteristics, and to do so in two ways. One way is simply to estimate the reduced form, so as to reveal the net effects of job characteristics on life satisfaction. The second method is to estimate the effects of job characteristics on job satisfaction, and then to calculate their effects on life satisfaction as mediated through the estimated effect of job satisfaction on life satisfaction. These two procedures (which are compared in Table 6) These results suggest some re-interpretation of the famous Whitehall study (Marmot et al 1991) showing that those at the higher levels in the UK civil service have better health outcomes. This was interpreted by some (e.g. Wilkinson 1996) by reference to animal studies showing worse health among those in non-dominant positions in hierarchical societies. Our evidence suggests, on the contrary, that the features of jobs that give greater life satisfaction (and by extension, better health outcomes) do not relate to control (as measured by decision-making content of the job) but instead to trustworthy management, variety, and demand for skills, features that may well be true of jobs higher in the Whitehall hierarchy.
As can be seen from the job satisfaction equations in Table 3 , the extent of workplace trust is by far the strongest determinant of job satisfaction. This provides our key measure of social capital in the workplace.
Valuing Workplace Social Capital
Although job satisfaction has long been known to have predictive power for absenteeism, illness, and productivity, there has been less study of the role of trust and social capital as contributors to job satisfaction. In a parallel way, most studies of social capital and its effects have concentrated on the influence of family, friends, and community groups, with much less attention thus far paid to either the causes or consequences of workplace social capital (Halpern 2005) . Given the large fraction of waking hours spent in the workplace, it should perhaps be expected that workplace social capital might be strongly linked to life satisfaction.
The ESC, GSS and EDS surveys all contain some measure or measures of workplace trust. The ESC asks about the extent to which management can be trusted in the respondent's workplace, while the GSS and EDS ask to what extent there is trust among colleagues. The resulting ratios for the values of workplace trust are shown in Table 5,   and Table 4 with causation likely to flow both ways (Putnam 2000) . The well-being equations in this paper suggest that several different sorts of trust have direct effects on well-being. The fact that a variety of domain-specific trust measures have even greater well-being effects than the classical general trust question gives confidence that the large effects of trust on well-being are not simply due to influence of congenital optimism on both trust and reported well-being. Another demonstration that the measured effects of trust are not simply due to personality differences is provided by the GSS job satisfaction equations in Table 3 . The coefficient on the trust variable drops only from 1.02 to .97 when the mastery scale is added, and its standard error remains below .06.
The preferred well-being equations in Table 1 show that trust in neighbours, trust in the police and trust in the workplace are all independently strong determinants of respondents' subjective well-being in both the ESC and GSS. The size and significance of the workplace trust effects are even larger than for the other domains. In both surveys, inclusion of the specific trust measures renders the general trust measure insignificant.
Thus it is no surprise to see in Table 5 that there are very large compensating differentials for workplace trust. The lowest estimate we can obtain is from the GSS equation including mastery and other domains of satisfaction. We also include the GSS estimates without these variables for comparison with the ESC and EDS results, which cannot make these extra adjustments. The adjusted (lowest) GSS estimate for the ratio is 1.75, measured as the log change in income corresponding to a move from the bottom to the top of workplace trust (which is converted from the 10-point scale to a zero to 1.0 scale so as to have the same scale as the other trust variables. In ESC, the mean workplace trust response is 6.5 on the ten-point scale, with a standard deviation of 2.5. The modal answer Is 8. To move up one point on the 10-point scale, using the lowest GSS estimate, has a log income value of .175, almost $10,000 for a modal family income of $50,000.
Our estimates are among the first using measures of life satisfaction to estimate compensating variations for job characteristics, and are the first we know of to provide estimates of the value of workplace trust. Our results are very large, and remain so even when we make a number of adjustments designed to remove risks of over-estimation. Our workplace trust results are independently estimated from three different large Canadian surveys, using different samples, and different question wording. That all three surveys should show such consistently large effects convinces us of the likely importance of our results. The estimated life satisfaction effects of workplace trust are so large as to suggest that there are large unexploited gains available for trust-building activities by managers, shareholders and employees. Although current levels of workplace trust in Canada are already fairly high (almost two-thirds of employed ESC respondents rate workplace trust at 7 or better on a ten-point scale), even small improvements promise large returns, and there also a significant number of employers and employees trapped in an environment of very low trust. Table 4 lninc_h 0.231 0.047 
